Prices in the hog industry in Taiwan are determined according to an auction system.
Introduction
Time-varying volatility in agricultural commodity prices, such as hog prices, usually accompanies riskiness in the rates of growth (or returns). How to capture the pattern or characteristics of volatility is of concern to farmers. Under the World Trade Organization (WTO) regulations, direct price support programs of agricultural authorities have had to be progressively eliminated, so that farm prices are essentially determined by the market.
Therefore, the volatility associated with prices imposes significant pressures on agricultural producers.
Price changes are associated with volatility and risk. If agricultural commodity prices have predictable time-varying volatility, they can be analysed using recently developed financial econometric methods that incorporate important aspects of optimal portfolio management. [29] explains why time-varying volatility can be useful in areas such as environmental finance and tourism finance. Similar arguments can be used for applications in agricultural finance. Volatility from high frequency data can be aggregated, whereas aggregated data at low frequencies typically display no volatility, thereby enabling the prediction of risk associated with the imposition of agricultural taxes.
Dynamic confidence intervals can also be computed. Moreover, modelling volatility permits an analysis of the asymmetric and leveraged responses of prices and associated commodity inflation rates to positive and negative shocks of equal magnitude. In this way, commodity prices behave like financial stock prices, so that the theory of finance can be applied directly to agricultural commodity prices.
In order to assist farmers to predict the volatility in prices, several related issues need to be investigated. This paper focuses on the asymmetric response of volatility to positive and negative shocks to prices and returns because the stochastic property of agricultural commodity prices might not be symmetric. The empirical models examined in this paper will evaluate hog prices, their returns and associated volatility in Taiwan.
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The hog industry is the biggest industry in the livestock sector in Taiwan. According to the Agricultural Statistics Yearbook in Taiwan, the quantity of production was 930,609 tons in 2006, and its value amounted to NT$ 55.5 billion, which is 14.72% of total agricultural production. There were 12,508 hog farms in 2006 and there were around 7 million hogs on farms at the end of the year. Furthermore, the feed industry is closely related to the hog industry as 45.5% of feed products, namely 7.7 million tons, were provided for hog production in 2006. The raw material for feed comes from grain imports. For example, the imported quantity of corn was around 5 million tons in 2006, with the main source of imports being the USA. Thus, the hog industry not only plays an important role in Taiwan's agricultural sector, but it is also closely related to the grain exports country.
With regard to the development of the hog industry in Taiwan, farmers typically raised hogs as a secondary source of income prior to the 1960s, where the number of hogs at the end of the year was around 3 million heads. Since production technology has gradually improved over time and agricultural authorities encouraged farmers to raise hogs, the hog industry became more commercialized in the 1970s and thereafter developed quickly.
The total number of hogs increased from 2.9 million heads to 4.8 million heads, but the number of hog farms decreased from 583,127 to 175,178 during the period 1970-1980. In the 1980s, the industry prospered, exports expanded rapidly, and the total number of hogs at the end of the year increased to historical higher levels of around 10 million heads in 1990.
Until the mid-1990s, the hog industry was still developing steadily and exports were increasing, with a peak of around US$ 1.5 billion being reached in 1996. The industry was also the largest exporter of agricultural commodities. Unfortunately, in 1997 the outbreak of foot and mouth disease caused significant damage to this industry and resulted in restriction of exports. The total number of hogs at the end of the year decreased to 8 million heads in 1997, and the value of hog production decreased dramatically from NT$ 88.6 billion to NTS 44.7 billion in 1996-97. Subsequently, the production of hogs has adjusted to concentrate on the domestic market from the late 1990s to the present.
After Taiwan applied to join the WTO in the 1990s, import restrictions on pork, except for pork bellies and some offal, were gradually deregulated for purposes of meeting trade liberalization requirements. Pork imports are primarily from the USA and the quantity to 13054 during 1997-2002. However, the average raising scale was enlarged from 390 to 520 heads during the same period, and was then increased to 565 heads in 2006. This implies that the competitiveness of the hog industry in Taiwan was strengthened during the period that Taiwan was applying to join the WTO.
The hog farm price is determined by an auction system in the local wholesale markets.
There are 23 local hog wholesale markets in Taiwan. Farmers may transport their hogs to any markets according to the price in each market, which is accordingly very similar to a perfectly competitive market. As the consumption of pork in Taiwan has not changed markedly over time, having stabilized at around 40 kg per capita per year over the last decade, this indicates that the demand side for hogs is relatively steady. Therefore, hog farm prices are primarily affected by domestic supply and by hog imports. The liberalization of pork imports has complicated the analysis of the factors that determine hog farm prices. Hog farm prices have displayed significant fluctuations, varying from NT$ 62.46 per kg in 1999 to NT$ 40.13 per kg in 2001, and then to NT$ 59.60 per kg in 2004. The volatility of hog farm prices is of serious concern to farmers because it is directly related to returns and their associated risk.
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Despite farmers taking notice of the volatility in daily hog prices, the agricultural authorities in Taiwan also pay strong attention to hog farm price information. In order to assist farmers to overcome the impacts of imported livestock products, the agricultural authorities established the National Animal Industry Foundation (NAIF) in 2000. One of the main tasks of the NAIF is to evaluate hog price information as the basis for strategic guidance and operational assistance.
When the price is higher than the historical average, the NAIF will announce an early warning to urge farmers not to raise too many pigs. On the other hand, when the price is considerably lower than the historical average, the NAIF will provide some indirect support programs to raise prices to an acceptable level. For example, the NAIF might provide subsidies for framers to encourage them to stop raising pigs temporarily, or for processing plants to stock pork in warehouses. Such measures will reduce the supply of pork, so that hog farm prices would be expected to recover. Consequently, the volatility in hog farm prices would be affected. Importantly, the volatility in such prices might be expected to be time-varying, in which case they can be modelled and predicted using financial econometric methods.
With regard to the volatility in the prices of agricultural commodities, [18] analyzed the relationship between international financial volatility in 1997 and agricultural commodity trade in Thailand. The GARCH(1,1) conditional volatility model was used to estimate the variance of the exchange rate as a measure of financial risk (or volatility), and it was found that there were strong impacts of exchange rate risk on poultry, though not on aggregate, exports. [19] examined the significant volatility in U.S. corn, soybean and wheat prices during 1995-2000 and its connection to the Federal Agricultural Improvement and Reform (FAIR) Act of 1996. A dynamic three-commodity rational expectations storage model was used to simulate the scenarios of the pre-FAIR and FAIR regimes, and it was determined empirically that the grain price volatility was not due to FAIR. [38] investigated the price threshold and volatility in an African maize market.
The results from the ARCH and threshold ARCH conditional volatility models suggested 7 that the price volatility was subject to a threshold, such that larger price increases produced greater subsequent volatility.
Other research has concentrated on the volatility in agricultural futures prices. [16] analysed the presence of fractional integration to explain the volatility of U.S. agricultural futures prices, and showed that the FIGARCH(1,d,1) fractional integration model was superior empirically to GARCH (1, 1) . [17] analyzed the U.S. wheat futures prices for time-varying volatility with a jump diffusion process, and found that the price volatility of wheat options was affected differentially by seasonal, maturity and jump effects. [10] examined the term structure of volatility and showed that the implied forward volatility was successful in explaining the realized volatility in the corn options market.
ARCH and GARCH conditional volatility models have been applied widely to accommodate the time-varying heteroskedasticity that is associated with the riskiness in price movements in the hog market. For example, [7] applied the ARCH model using monthly data in Taiwan to examine changes in hog farm prices. The empirical results showed that hog farm prices displayed time-varying conditional heteroskedasticity, which implies that hog farmers face price volatility during the production process. [22] used the AR(1)-GARCH(1,1) model with weekly data for Saskatchewan, Canada, to estimate the hog spot price stochastic process and generate simulated prices. These prices were used to evaluate whether farmers received benefits from the short run hog loan program of 2002.
[36] analyzed the effects of U.S pork price uncertainty on farm wholesale margins. The ARCH(2) model was used to estimate the conditional forecast variance, and the results indicated that the output price risk component significantly affected the marketing margins. [39] tested daily cash prices with daily data for nine commodities, including pork bellies, for normality and nonlinear independence. Their conclusions showed that the GARCH model was superior to the alternative considered, thereby forming the basis for theoretical and applied work in agricultural finance. stationary, but that their log differences (or growth rates) are stationary. In addition, the estimated symmetric and asymmetric conditional volatility models, specifically the GARCH, GJR and EGARCH models, all fit the data extremely well. The empirical second moment and log-moment conditions also support the statistical adequacy of both the estimated symmetric and asymmetric conditional volatility models.
The remainder of the paper is organized as follows. Section 2 presents the data for daily hog prices in Taiwan, performs a test of structural change across three regimes associated with the planning, adjustment and settlement stages of joining the WTO, and discussestime-varying volatility. Section 3 performs unit root tests on the levels, logarithms and growth rates of daily hog prices. Section 4 discusses alternative conditional mean and conditional volatility models for daily hog prices. The estimated models and empirical results are discussed in Section 5. Finally, some concluding remarks are given in Section 6.
Data
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The data set comprises daily hog prices in Taiwan Furthermore, the series in levels and logarithms might be stationary or non-stationary, but the log difference series is clearly stationary. As shown in Figure 3 , there is clear volatility persistence in daily hog prices for the log difference series. However, hog prices display volatility that would seem to be different in various sub-sample periods. In in the domestic hog market in Taiwan. Prominently, the three sub-samples described above correspond to the three stages in terms of Taiwan joining the WTO. For this reason, we will interpret sub-sample 1 as the "planning" stage of Taiwan joining the WTO, sub-sample 2 as the "adjustment" period immediately after Taiwan joined the WTO, and subsample 3 as the "settlement" stage. Table 1 As the timing of the structural change is presumed to be known, it is not necessary to estimate the dates of the breakpoints (for further details, see Perron (1998, 2003) ). Both the F and likelihood ratio tests reject the null hypothesis at the 5% level of significance, which lends support to the view that joining the WTO led to structural change.
In the next section, we analyze the presence of a stochastic trend by applying unit root tests before modelling the time-varying volatility that would seem to be present in the levels, logarithms and log differences (or growth rates) in the respective series.
Unit Root Tests
It is well known that traditional unit root tests, primarily those based on the classic methods of [8, 9, 35] suffer from low power and size distortions. However, these shortcomings have been overcome by modifications to the testing procedures, such as the methods proposed by [12, 33, 34] .
The modified unit root tests given by MADF GLS and MPP GLS were applied to the time series of daily hog prices in Taiwan. In essence, these tests use GLS de-trended data and the modified Akaike information criterion (MAIC) to select the optimal truncation lag.
The asymptotic critical values for both tests are given in [33] .
The results of the unit root tests are obtained from the econometric software package EViews 6.0, and are reported in Tables 2a-2d . Table 1 shows the results of unit root tests for the full sample period, while Tables 2b-2d show the results for each of the three subsample periods, respectively. As shown in Table 1 , the null hypothesis of a unit root is not rejected for the levels of daily hog prices in the models with a constant and with a constant and trend as the deterministic terms. A similar result holds for the logarithms of daily hog prices, where both the MADF GLS and MPP GLS tests do not reject the null hypothesis of a unit root for the models with a constant and with a constant and trend.
However, for the series in log differences (or growth rates), the null hypothesis of a unit root is rejected for both specifications using both the MADF GLS and MPP GLS tests.
Overall, the null hypothesis of a unit root is not rejected for the levels or logarithms of daily hog prices, but is rejected for the growth rate of daily hog prices. Similar results of the unit root tests are found in each of the three sub-samples.
As shown in the unit root tests, the empirical results strongly suggest the use of growth rates in daily hog prices in Taiwan to estimate alternative univariate conditional mean and conditional volatility models simultaneously. For this reason, conditional mean and conditional volatility models will be estimated in Section 5 using only the growth rate of daily hog prices in Taiwan for various sub-samples of the data.
Conditional Mean and Conditional Volatility Models
The alternative time series models to be estimated for the conditional means of the daily hog prices, as well as their respective conditional volatilities, are discussed below. As For a wide range of financial data series, time-varying conditional variances can be explained empirically through the autoregressive conditional heteroskedasticity (ARCH) model of [13] . When the time-varying conditional variance has both autoregressive and moving average components, this leads to the generalized ARCH(p,q), or GARCH(p,q), model of [3] . The lag structure of the appropriate GARCH model can be chosen by information criteria, such as those of Akaike and Schwarz, although it is very common to impose the widely estimated GARCH(1,1) specification in advance.
In the selected conditional volatility model, the residual series should follow a white noise process. [4] documents the adequacy of the GARCH(1,1) specification. [21] provides an extensive review of recent theoretical results for univariate and multivariate time series models with conditional volatility errors.
[28] reviews a wide range of univariate and multivariate, conditional and stochastic, models of financial volatility. [33] discusses recent developments in modeling univariate asymmetric volatility, while [31] develops the regularity conditions and establish the asymptotic properties of a general model of time-varying conditional correlations. As shown in Figure 3 , the log difference daily hog price data display time-varying volatility persistence, so it is natural to estimate alternative conditional volatility models.
Consider the stationary AR (1) (1) can easily be extended to univariate or multivariate ARMA(p,q) processes (for further details, see [26] ). In equation (2), the 13 ARCH (or ) effect indicates the short run persistence of shocks, while the GARCH (or ) effect indicates the contribution of shocks to long run persistence (namely, + ).
The stationary AR(1)-GARCH(1,1) model can be modified to incorporate a nonstationary ARMA(p,q) conditional mean and a stationary GARCH(r,s) conditional variance, as in [27] .
In equations (1) and (2), the parameters are typically estimated by the maximum likelihood method to obtain Quasi-Maximum Likelihood Estimators (QMLE) in the absence of normality of t , the conditional shocks (or standardized residuals). The conditional log-likelihood function is given as follows:
The QMLE is efficient only if t is normal, in which case it is the MLE. When t is not normal, adaptive estimation can be used to obtain efficient estimators, although this can be computationally intensive. [27] investigated the properties of adaptive estimators for univariate non-stationary ARMA models with GARCH(r,s) errors. The extension to multivariate processes is complicated.
As the GARCH process in equation (2) is a function of the unconditional shocks, the moments of t need to be investigated. [26] showed that the QMLE for GARCH(p,q) is consistent if the second moment of t is finite. For GARCH(p,q), [23] demonstrated that the local QMLE is asymptotically normal if the fourth moment of t is finite, while [26] proved that the global QMLE is asymptotically normal if the sixth moment of t is finite.
The well known necessary and sufficient condition for the existence of the second moment of t for GARCH(1,1) is 1. As discussed in [30] , it was established in [11, 15] that the log-moment condition was sufficient for consistency of the QMLE of a univariate GARCH(p,q) process (see [20] for 14 the proof in the case of GARCH (1,1) ), while [6] showed that the log-moment condition was sufficient for asymptotic normality. Based on these theoretical developments, a sufficient condition for the QMLE of GARCH(1,1) to be consistent and asymptotically normal is given by the log-moment condition, namely 0 )) (log(
The log-moment condition for the GARCH(1,1) model involves the expectation of a function of a random variable and unknown parameters. Although the sufficient moment conditions for consistency and asymptotic normality of the QMLE for the univariate GARCH(1,1) model are stronger than their log-moment counterparts, the second moment condition is more straightforward to check in practice. In practice, the log-moment condition in equation (3) would be estimated by the sample mean, with the parameters and , and the standardized residual, t , being replaced by their QMLE counterparts.
The effects of positive shocks (or upward movements in daily hog prices) on the conditional variance, t h , are assumed to be the same as negative shocks (or downward movements in daily hog prices) of a similar magnitude in the symmetric GARCH model.
In order to accommodate asymmetric behaviour, [14] proposed the GJR model, for which GJR(1,1) is defined as follows: , )) ( ( [ 24, 25] showed that the regularity condition for the existence of the second moment for GJR(1,1) under symmetry of t is given by:
while [30] showed that the weaker log-moment condition for GJR(1,1) was given by:
which involves the expectation of a function of a random variable and unknown
parameters.
An alternative model to capture asymmetric behaviour in the conditional variance is the Exponential GARCH (EGARCH (1,1) ) model of [32] , namely:
where the parameters , and have different interpretations from those in the GARCH(1,1) and GJR(1,1) models.
As noted in [30] , there are some important differences between EGARCH, on the one hand, and GARCH and GJR, on the other, as follows: (i) EGARCH is a model of the logarithm of the conditional variance, which implies that no restrictions on the parameters are required to ensure 0 t h ; (ii) moment conditions are required for the GARCH and GJR models as they are dependent on lagged unconditional shocks, whereas EGARCH does not require moment conditions to be established as it depends on lagged conditional shocks (or standardized residuals); (iii) [37] observed that 1 | | is likely to be a sufficient condition for consistency of QMLE for EGARCH(1,1); (iv) as the standardized residuals appear in equation (7) 
Estimated Models
It is well known that the estimates of volatility will depend on the adequacy of the specification of the conditional mean equation, which yields the standardized residuals. A related issue is the effect of ignoring structural change in the conditional mean of the estimates of the conditional variance (see, for example, [1, 2] ). The effects of misspecifying the conditional mean on the estimates of the conditional volatility will be analyzed below. Both the asymptotic standard errors, as well as the robust standard errors of [5] , are presented. In virtually all cases, the asymptotic standard errors are smaller than their robust counterparts.
The estimated conditional mean and conditional volatility models are given in Tables 3-6 .
As shown in the unit root tests, the levels and logarithms of daily hog prices are not stationary, but the log differences (or growth rates) are stationary. For this reason, only the growth rates and their associated volatility will be modelled for the full sample period, which is given in Table 3 , and for the three sub-samples, which are given in Tables 4-6 .
These empirical results are supported by the estimates of the lagged dependent variables in the estimates of equation (1), with all the coefficients of the lagged dependent variable being less than one in each of the estimated three models for the growth rates of daily hog prices. This is consistent with the empirical finding that the log difference (or growth rate) is stationary.
Given that the second moment condition is less than unity in all cases, it follows that the weaker log-moment condition is less than zero in all cases (see Tables 3-6 ). Thus, the regularity conditions are satisfied, the QMLE are consistent and asymptotically normal, and inferences are valid. The EGARCH(1,1) model is based on the standardized residuals, so the regularity condition is satisfied if 1 | | , and hence the QMLE would seem to be consistent and asymptotically normal (see, for example, [30] ).
As shown in Table 3 , in the full sample estimation, the GARCH(1,1) estimates for the log different (or growth rate) of daily hog prices in Taiwan suggest that the short run persistence of shocks is 0.274, while the long run persistence is 0.699. As the second moment condition, 1 , is satisfied, the log-moment condition is also satisfied.
Therefore, the symmetric GARCH(1,1) estimates are statistically significant.
If positive and negative shocks of a similar magnitude to daily hog prices in Taiwan are treated asymmetrically, this can be evaluated using the GJR(1,1) model. The asymmetry coefficient is found to be positive and significant for daily hog prices, namely 0.434, which indicates that decreases in prices increase volatility. This is a consistent empirical outcome to that found in virtually all cases in empirical finance, where the negative shocks increase risk (or volatility). Moreover, the short run persistence of positive and negative shocks are estimated to be 0.104 and 0.538, respectively, and the long run persistence of shocks is estimated to be 0.686 for the log difference in daily prices of hogs. As the second moment condition, 1 2 1 , is satisfied, the log-moment condition is also satisfied, and the asymmetric GJR(1,1) estimates are statistically significant.
The interpretation of the EGARCH model is in terms of the logarithm of volatility. As shown in Table 3 , each of the EGARCH(1,1) estimates is statistically significant. The coefficient of the lagged dependent variable, , is estimated to be 0.668 and significant, which suggests that all moments exist, with the estimates likely to be consistent and asymptotically normal. Overall, the size effects of the standardized residuals, α, have a positive and significant impact on the conditional variances. However, the sign effect of the standardized residuals, , is negative and significant. Furthermore, the absolute vale of is lower than for the corresponding α estimates, which suggests that the sign effects have smaller impacts than the size effects on the conditional variances. However, as the estimate of is significant, asymmetry is evident, as in the case of the GJR model, but there is no leverage effect, whereby negative shocks increase volatility but positive shocks of a similar magnitude decrease volatility. These empirical results are similar to a wide range of financial stock market prices, so that the theory of finance is directly applicable to hog prices.
As given in Figures 1-3 , the trends and volatilities in daily hog prices (as well as in their logarithms) seem to have experienced two noticeable structural changes during the sample period. As has already been mentioned, these changes would seem to have arisen Tables 4-6 . Table 4 shows the statistical results for the GARCH (1,1) , GJR(1,1) and EGARCH (1,1) models for sub-sample 1. Regarding the conditional mean estimates of the growth rate of daily hog prices, the estimates are predictable for the AR(1) conditional mean models associated with the GARCH (1,1) and GJR (1,1) volatility models, but not for the EGARCH (1,1) model. This is slightly different from the estimates for the full sample period, in which the growth rates were predictable for all three models.
Regarding the conditional volatility estimates for sub-sample 1, it is clear from the estimates that volatility has time-varying persistence, with an estimated short run persistence of shocks of 0.284 and the estimated long run persistence of shocks of 0.873
for the symmetric GARCH (1,1) model As the second moment condition, 1, is satisfied, the log-moment condition is also satisfied, and the symmetric GARCH (1,1) estimates are statistically significant. The interpretation of the EGARCH model is in terms of the logarithm of volatility in subsample 1. As shown in Table 4 , each of the EGARCH(1,1) estimates is statistically significant. Moreover, the coefficient of lagged log volatility, , is estimated to be 0.807 and significant, which suggests that all moments exist, with the estimates likely to be consistent and asymptotically normal. Overall, the size effects of the standardized 20 residuals, α, have positive and significant impacts on the conditional variances, but the sign effect of the standardized residuals, , is negative but not significant. However, the absolute vale of , at 0.005, is considerably lower than for the corresponding α estimate (0.490), which indicates that the sign effects have a much smaller, if any, impact than the size effects on the conditional variances. Overall, on the basis of the three conditional volatility models, there is a symmetric effect on volatility with regard to positive and negative shocks of equal magnitude. Table 5 shows the statistical results for the GARCH(1,1), GJR(1,1) and EGARCH (1,1) models for sub-sample 2. With regard to the conditional mean estimates of the growth rate of daily hog prices, the estimates are significantly predictable for each of the three models. Moreover, the conditional means for the three models in sub-sample 2 are much stronger as compared with those in sub-sample 1. Indeed, the magnitudes of the conditional means in sub-sample 2 are very similar to those of the full sample. These results would seem to suggest that sub-sample 2 may play a dominant role for predicting the growth rate of daily hog prices in Taiwan.
Regarding the conditional volatility estimates for sub-sample 2, the second moment condition, 1 , is satisfied and hence the log-moment condition is also satisfied.
Furthermore, the estimate for the short run persistence of shocks, α, is 0.363, which is larger than the corresponding estimate for sub-sample 1, whereas the long run persistence of 0.650 for the GARCH (1,1) model is relatively smaller for sub-sample 2 than for subsample 1. The β estimate is significant and positive, but its magnitude is now considerably smaller. These results for GARCH(1,1) suggest that the short run persistence of shocks has a more significant impact on the conditional variance in the adjustment stage (sub-sample 2), whereas the impact of long run persistence has a more significant effect on the conditional variance in the planning stage (sub-sample 1). These outcomes are the opposite of those given in Table 4 , in which there is a stronger long run persistence of shocks but a weaker short run persistence of shocks in sub-sample 1.
With regard to the asymmetric effect, namely the coefficient for the GJR(1,1) model in sub-sample 2, Table 5 shows that the estimate is positive and significant. Moreover, the magnitude of 0.342 is much larger than the corresponding estimate in sub-sample 1 at 0.024. These results suggests that negative shocks have a much stronger impact on the conditional variance than do positive shocks of a similar magnitude, and that this effect is also stronger in sub-sample 2 than in sub-sample 1. Owing to the strong effect of negative shocks in sub-sample 2, the short run persistence of negative shocks on the conditional variance, at 0.480, is much greater than for positive shocks of a similar magnitude, at 0.138. However, the short run persistence of positive shocks on the conditional variance is not as strong for sub-sample 2 as compared with the corresponding effect for subsample 1.
Furthermore, the long run persistence of shocks, at 0.662, in sub-sample 2 is much lower than that in sub-sample 1, at 0.868. Moreover, in comparison with sub-sample 1, the magnitude of the long run persistence of shocks is similar to that for the full sample period. These results suggest that the data for sub-sample 2 can play a dominant role in evaluating the effect of the long run persistence of shocks. Moreover, both the second moment and log-moment condition are satisfied for the GJR(1,1) model.
The interpretation of the EGARCH model is in terms of the logarithm of volatility for sub-sample 2. As shown in Table 5 , each of the EGARCH(1,1) estimates is statistically significant. Moreover, the coefficient of the lagged dependent variable, , is estimated to be 0.727 and significant, which suggests that all moments exist. Furthermore, the size effects of the standardized residuals, α, have positive and significant impacts on the conditional variances, and the sign effect of the standardized residuals, , on the conditional variances is negative and significant. Moreover, in comparison with subsample 1, the impact of is larger in sub-sample 2, which suggests that negative shocks have a more significant impact in this period on the conditional variance. Overall, on the basis of the three conditional volatility models, there is an asymmetric effect on volatility 22 with regard to positive and negative shocks of equal magnitude. However, there is no leverage effect, whereby negative shocks increase volatility but positive shocks of a similar magnitude decrease volatility. Table 6 shows the statistical results for the GARCH (1,1) , GJR(1,1) and EGARCH(1,1) models for sub-sample 3. In a comparative perspective, it is clear that the conditional means, as well as the conditional volatility for the growth rates of daily hog prices in the sub-sample 3, are vastly different from the corresponding estimates for sub-samples 1 and 2. The conditional mean estimates are only predictable for the GARCH (1,1) model, but the effect of the conditional mean model for the GARCH(1,1) model is even lower than the estimates for sub-sample 3.
Regarding the conditional volatility for sub-sample 3, the estimates make it clear that volatility is persistent, with a relatively small value of α, at 0.079, and a relatively large value of β, at 0.602, which are the estimates of the contributions of the shocks to long run persistence in the GARCH (1,1) model. However, in comparison with the magnitude of the coefficient of short run persistence of shocks among the three sub-samples, subsample 3 shows the weakest impact of short run persistence on the conditional variance.
As the second moment condition, 1, is satisfied, the log-moment condition is also satisfied, and the symmetric GARCH(1,1) estimates are statistically significant.
For the GJR(1,1) model, both the second moment and log-moment conditions are both satisfied. The asymptotic t-ratio for the estimate in Table 6 is highly significant, suggesting that negative shocks increase risk (or volatility) significantly in sub-sample 3 as compared with positive shocks of a similar magnitude. Moreover, the magnitude of the asymmetric effect, , at 0.473, is now much larger and more prominent than was observed in the other sub-samples. These results imply that negative shocks still have a strong impact on the conditional variance in the settlement period. The β estimate is significantly positive, while the estimate of α is now negative, though insignificant.
Overall, the short run persistence of negative shocks on the conditional variance is 0.452 and the long run persistence of shocks is 0.563, which indicates the weakest impact on the conditional variance among the various sub-samples. Furthermore, the second moment and log-moment conditions are satisfied for the GJR(1,1) model.
The interpretation of the EGARCH model is in terms of the logarithm of volatility for sub-sample 3. As shown in Table 6 , each of the EGARCH(1,1) estimates is statistically significant, and the coefficient of the lagged dependent variable, , is estimated to be 0.452 and significant, which suggests that all moments exist. Again, the size effects of the standardized residuals, α, have positive and significant impacts on the conditional variances, while the sign effect of the standardized residuals, , on the conditional variances is now negative and significant. It is worth emphasizing that the conditions for leverage in the EGARCH(1,1) model are satisfied, which suggests that negative shocks increase volatility but positive shocks of a similar magnitude decrease volatility in the settlement period, namely sub-sample 3. Consequently, the settlement stage of WTO entry has altered hog prices to behave just like some financial stock market prices.
In a comparison of the estimates for the three sub-samples, it may be concluded that the long run persistence of shocks in the planning period (that is, sub-sample 1) suggests a more significant impact on the conditional variance than in the other two sub-samples. In addition, the short run persistence of shocks in the settlement period (that is, sub-sample 3) suggests the weakest impact on the conditional variance among the three sub-samples.
Overall, the asymmetric effect is found to be significant for the GJR (1,1) model in two of the three sub-samples, while the effect of negative shocks has tended to increase over the full sample period. However, in the asymmetric EGARCH(1,1) model, a leverage effect is observed only in the settlement period (that is, sub-sample 3), whereas it is not significant in sub-period 1 and is significant, but does not suggest the existence of leverage effects, in sub-sample 2. In summary, the adjustment period (that is, sub-sample 2) implies a dominant contributing role for estimating the impact of the short run and long run persistence of shocks for the full sample period.
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In general, the QMLE for the GARCH(1,1), GJR(1,1) and EGARCH(1,1) models for the log differences (or growth rate) in daily hog prices in Taiwan Taiwan, whereby hog prices behave very much like financial commodity prices.
Concluding Remarks
Since Taiwan applied to join the WTO in the 1990s, import restrictions on pork, were gradually deregulated for purposes of meeting trade liberalization requirements. The volatility of hog farm prices is of serious concern to farmers because it is directly related to returns and their associated risk. In order to assist farmers to predict the volatility in prices, the pattern or characteristics of volatility need to be investigated.
The paper presented a novel application of financial volatility models to agricultural finance, and should be relevant for the analysis of other agricultural commodities in different countries. Specifically, the paper modelled the growth rates and volatility (or variability in the growth rate) in daily hog prices in Taiwan from 23 March 1999 to 30 June 2007, which enables an analysis of the effects of joining the WTO. Considering the stochastic property of agricultural commodity prices might not be symmetric, the paper focuses on the asymmetric response of volatility to positive and negative shocks to prices and returns.
25
The empirical results show that the time series of daily hog prices and their logarithms were non-stationary, but that their log differences (or growth rates) were stationary. In addition, the estimated symmetric and asymmetric conditional volatility models, specifically the widely used GARCH, GJR and EGARCH models, for the growth rates all fit the data extremely well.
The estimated models were able to account for the volatility persistence that was observed in three sub-samples for the log difference (or growth rate) in daily hog prices, These empirical results have significant implications for risk management and policy considerations in the agricultural industry in Taiwan, especially when significant structural changes such as joining the WTO are concerned. The three sub-samples relating to the period before, during and after joining the WTO displayed significantly different volatility persistence, namely symmetry, asymmetry but not leverage, and leverage, respectively, whereby negative shocks increase volatility but positive shocks of a similar magnitude decrease volatility. As hog prices behave very similarly to financial stock market prices, the theory of finance and optimal risk management can be applied directly to the analysis of agricultural commodity prices. DLY is Log Difference in Hog Price (New Taiwan Dollars per kilogram) Numbers in parentheses are asymptotic standard errors, while numbers in brackets are robust standard errors [5] . ** and *** denote significance at the 5% and 1% level, respectively. DLY is Log Difference in Hog Price (New Taiwan Dollars per kilogram) Numbers in parentheses are asymptotic standard errors, while numbers in brackets are robust standard errors [5] . *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively. DLY is Log Difference in Hog Price (New Taiwan Dollars per kilogram) Numbers in parentheses are asymptotic standard errors, while numbers in brackets are robust standard errors [5] . ** and *** denote significance at the 5% and 1% levels, respectively.
